This article presents a comprehensive analysis of the relative merits of trading volume, intraday and overnight returns for daily volatility prediction. The results indicate that statistical accuracy does not have a direct mapping onto trading pro…tability. According to several statistical loss functions, intraday-based realized volatilities provide the largest accuracy improvement upon historical daily return-based forecasts. By contrast, pro…tability criteria reveal substantial economic gains from exploiting trading volume information as well as intraday prices. Overnight returns also contain predictive value both statistically and economically although to a lesser extent. The most pro…table strategy buys the stock at extreme volatility levels, suggesting a stronger return-risk relationship in turbulent periods.
Introduction
Estimators of asset price variability based on intraday data, known as "realized volatilities", have the appealing feature of being nonparametric yielding precise measures of ex post daily volatility without the need for modeling assumptions. It has been shown that realized volatilities can improve the statistical accuracy of daily forecasts from historical volatility models (Blair et al., 2001; ). There is also evidence based on statistical criteria that the overnight information ‡ow triggered by interactions across stock exchanges in di¤erent time zones, cross-listed stocks and news released outside regular trading hours has predictive content for the subsequent daytime volatility (Gallo, 2001; Tsiakas, 2008) . On the other hand, trading volume has been unable to improve the accuracy of volatility forecasts (Brooks, 1998; Donaldson and Kamstra, 2005) . show that dynamic mean-variance asset allocation based on realized and overnight covariance forecasts brings performance gains. Brownlees and Gallo (2010) and Fuertes and Olmo (2009) support the use of realized volatilities to obtain more adequate economic capital measures. However, relatively less is known about the trading pro…tability of daily volatility predictions based on intraday, overnight price variation or volume information. Superior forecast accuracy does not necessarily imply trading pro…tability (Satchell and Timmermann, 1995) . Against this backdrop, the question of whether there is any incentive for investors to complement historical daily return models with intraday, overnight or volume data becomes pertinent.
The consensus is that it is easier to predict the second moment (conditional volatility) of the daily return distribution than the …rst moment (conditional mean). Conditional mean dependence in daily returns remains a controversial empirical issue strongly refuted by …nancial economics theory (Fama, 1970) . In contrast, a stylized fact of daily returns is volatility clustering (condi-tional heteroskedasticity) which implies high persistence in volatility and, in turn, predictability.
Recent work by Christo¤ersen and Diebold (2006) has shown a direct connection between asset return volatility and the direction of price changes which has important implications for investors pursuing market timing strategies. Volatility predictability can lead to return sign predictability vindicating trading rules based upon the assumption that the historical link between the direction of market moves and volatility will recur. Practitioners commonly devise market timing strategies This paper seeks to contribute to a novel but still sparse literature which introduces pro…tability criteria in the ranking of volatility forecasts. It is, to the best of our knowledge, the …rst study to contrast the information content of intraday versus overnight price variation and volume for volatility-based trading. 1 Our framework focuses on intuitive asset timing strategies which, without claiming optimality, serve as a reasonable battleground for ranking volatility models. The trading strategies build upon the positive link dictated by asset pricing theory between stock returns and total volatility. The paper starts by empirically establishing a positive historical relationship between daily stock returns and realized variance which appears stronger at extreme, particularly high, volatility levels. The baseline forecasts are obtained from a daily GARCH model which has become the work-horse for modeling volatility clustering mainly because it provides a simple but reasonably good approximation to the main stylized facts of daily asset returns. Subsequently
we consider a GARCH model that conditions on lagged realized volatilities, squared overnight returns and trading volume. We investigate the relative e¤ectiveness of these three information sets in generating incremental pro…tability de…ned as positive risk-and cost-adjusted returns over and above those obtained with the standard GARCH forecasts. To accommodate potential non- 1 The term 'volatility-based trading' is used here to denote trading strategies that are based on buy/sell signals implied from volatility forecasts. This di¤ers from what is called 'volatility trading'in the literature, namely, trading strategies that treat volatility, i.e. the VIX index and, more recently, VIX futures, as an asset class (see Hafner and Wallmeier, 2007, and Konstantinidi et al., 2008 ) . It also di¤ers from 'volatility timing' which refers to the use of (co)variance forecasts in dynamic optimal portfolio construction (see Fleming et al, 2003) .
normality of returns in the dynamic trading strategies, relative pro…tability is gauged through the Sortino ratio, Leland's alpha and a quadratic utility-matching performance fee for various degrees of relative risk aversion, pre and post transaction costs.
The sample period spans 1761 days for 14 S&P500 large stocks and for the S&P500 index. A range of statistical criteria including the popular mean squared error, the R 2 of Mincer-Zarnowitz regressions and forecast encompassing tests suggest that augmenting GARCH models with lagged realized volatilities leads to signi…cant forecast improvements which are not matched by those obtained with lagged volume or the overnight squared return. The individual stock and index volatility-based trading simulations suggest that exploiting additional information over and above daily returns a¤ords incremental pro…tability. For instance, conditioning historical volatility forecasts on lagged realized volatilities, trading volume or squared overnight returns produces an increase in the annualized Sortino ratio of 0.01 to 17.21, in alpha from 0.02% to 23.74% and an annualized performance fee of 0.01% to 24.29% depending on the risk aversion level. These gains are non-negligible and provide an incentive for traders to consider additional information as a supplement to the daily returns data exploited in standard conditional volatility models. Intraday information appears more relevant in directional change-driven than in level-driven trading strategies whereas the opposite applies to the overnight return and volume information. The Spearman correlations between the model rankings stemming from the di¤erent pro…tability criteria, on the one hand, and from the di facto mean squared error, on the other hand, are dramatically low suggesting no correspondence between statistical accuracy and pro…tability of forecasts. The trading strategies performance is reasonably good relative to the passive buy-and-hold and, in particular, the leading strategy buys the stock at the opening price when the forecasted volatility is too high.
The rest of the paper is organized as follows. Section 2 provides a review of the literature.
Section 3 presents the volatility forecasting framework and preliminary data analysis. Section 4 outlines the trading strategies. Section 5 discusses the empirical results and Section 6 concludes. theoretically the 'disconnect'between statistical accuracy and pro…tability, illustrating it through a simple trading rule that holds the local currency if it is predicted to appreciate against the US$.
Christo¤ersen and Diebold (2006) argue in favour of volatility-based strategies built upon the link between volatility and market direction: the stylized volatility clustering renders volatility highly forecastable and induces return sign persistence which can be exploited for market timing. As intuitively discussed in Larsen (2004), the VIX can be used as an oscillator to identify equity market turning points since historical data suggests that, when it reaches low levels, markets tend to be at the top and reversal follows, and when it reaches high levels markets are at a trough and ready for an upward movement. 
Volatility Forecasting Framework
In order to construct intraday volatility measures, the trading day [9:30am-4:00pm] is divided into M intervals of 5-minute length. The 5-minute sampling interval has been shown to be short enough for the daily volatility dynamics to be picked up with reasonable accuracy, and long enough for the adverse e¤ects of market microstructure frictions not to be excessive. 4 The price at the start of the jth intraday interval is computed as the average of the closing and opening prices of intervals j 1 and j; respectively. The jth intraday return on day t is therefore computed as exercise. This choice is guided by a threefold rationale. First, it allows us to extend Gallo's (2001) methodological framework to assess whether the overnight return can be useful in predicting daytime volatility for trading purposes. Second, a practical problem with adopting the inter-daily return as the object of interest is the lack of 5-minute return observations when markets are closed overnight. The latter implies having to determine the weight that the overnight return should deserve in the realized measures, a non-trivial issue (see Hansen and Lunde, 2006) . The overnight return is far more volatile than the intraday 5-min returns which would introduce extra noise.
Third, it has been demonstrated that daytime returns originate from a di¤erent data generating process than overnight returns (Tsiakas, 2008).
The GARCH(r; s) model …tted to daily returns can be formalized as
where z t are the demeaned standardized returns. The lag orders (r; s) are chosen so as to remove serial dependence in squared daily returns. The error term z t is assumed to be Gaussian and the parameters are estimated by QMLE. The conditional variance equation (2b) has a straightforward …nancial interpretation. In the simplest GARCH(1; 1) with = 0; a trader predicts the asset return volatility as a weighted sum of a long term average variance (embedded in the constant !), the previous period volatility news (" 2 t 1 ) and the previous variance forecast (h t 1 ). Our augmentation 5 Instead of assuming that the daily returns rt are unpredictable in mean, we deploy the Ljung-Box statistic to test the null hypothesis of no autocorrelation in zt as discussed in the preliminary statistical analysis (Section 3.2) below. For most (9 out of 14) stocks the conditional mean equation in (2a) is vindicated whereas for the remaining 6 stocks (ATT, DELL, GM, IBM, PG and WMT) we employ instead an ARMA(p; q) equation rt = + P p i=1 i r t i + P q j=1 j " t j with appropriate orders p and q so as to whiten the residual sequence. The GARCH equation (2b) for CAT, JPM, KO and MCD has lags r = 2 and s = 1 whereas for all other stocks a GARCH(1,1) su¢ ced to absorb the autocorrelation in squared daily returns.
covariates for the GARCH equation (v t 1 ) are intraday-based realized measures of daily volatility, daily trading volume and squared overnight returns. Next we brie ‡y discuss each of them in turn.
The realized variance (RV), computed as the sum of intraday 5-minute returns is de…ned as
t;j ; t = 1; 2; :::; T
is closely related to the notion of the squared variation process of a continuous time di¤usion (An- 
jr t;j j ; 0 < < 2; t = 1; 2; :::; T
where is the power order, the length of each of the M intraday 5-minute intervals 6 , and
, s N (0; 1)
RPV becomes the realized absolute variation for = 1; and RV for = 2. Absolute returns are more persistent than squared returns so RPV( < 2) could outperform RV in forecasting …nancial risk. 7 Further discussion can be found in Ghysels et al. (2006) . The realized bipower variation (RBP) estimator based on products of absolute consecutive 5-minute returns
6 By normalizing the trading day interval to unity, = 1=M: Daily trading volume (V OL) is considered as another augmentation covariate in (2b) and de…ned as the total number of shares traded on day t 1. Lastly, building on Gallo (2001) we also adopt the day t close to day t + 1 open overnight squared return (OV N ) as GARCH augmentation covariate in order to assess its information content to predict daily volatility. The sample is divided into an estimation period (T 0 = T T 1 ) of 1261 days, and a holdout period (T 1 ) of 500 days. 8 The 1261-day length window is rolled forward to obtain a sequence of 500 out-of-sample 1-day-ahead volatility forecasts. This parameter updating approach o¤ers a 'shield'against structural breaks (shifts) in the volatility process during the out-of-sample period.
Preliminary Statistical Analysis
The sample autocorrelation function of daily and squared daily returns alongside the Ljung-Box Q test and ARCH LM test support the stylized fact that there is far more predictability in the return volatility than in the level (see Appendix Table A1 ). All the model-free volatility measures -squared daily and overnight returns, realized variance, realized range, realized power variation, realized bipower variation -and trading volume exhibit large positive skewness and kurtosis (see Appendix Table A2 ). By using mean volume as proxy for trading activity, stocks can be broadly ranked from more to less liquid as: technology, …nancials, consumer goods and industrials. The average trading volume of the index is many times larger than that of the individual stocks. Volume generally exhibits the lowest dispersion relative to its mean (coe¢ cient of variation) which, in turn, indicates that it is the least noisy while the squared overnight return lies at the other extreme as notably noisy. The unreported Ljung-Box Q test for squared overnight returns corroborates that the volatility clustering typical of daily returns is not a distinctive feature of overnight returns, in line with the evidence in Gallo (2001) . However, this might be due to the overnight return noisiness that renders the autocorrelation signal di¢ cult to pick up rather than its true absence. 
Volatility-Based Trading Strategies
The out-of-sample daily volatility forecasts obtained from the GARCH and augmented-GARCH models are translated into trading signals using the strategies outlined below. On days when the strategy at hand suggests no position in the stock (or index) the investor earns the risk-free rate proxied by the 3-month US Treasury bill.
Directional Change Strategies
Let h m t+1 denote the volatility forecast for day t + 1 generated with model m using information up to day t: Two long-only strategies are deployed which exploit the out-of-sample predictive ability of the models in terms of directional change in volatility. In order to gauge the latter, the nonparametric market timing t-test of Pesaran and Timmermann (1992; PT-T) is used. Accordingly, the proportion of correctly predicted directional changes in volatility is compared with the probability of correct predictions under the null of independence between directional forecasts and realizations.
The PT-T statistics reported in Table 1 unambiguously indicate that all of the GARCH models considered (i.e., standard or augmented) can correctly predict the sign of the volatility change FE and RE panel-data models suggests no serial correlation in the residuals of the quintile regressions.
since the null hypothesis of no market timing ability is strongly refuted at the 1% level.
In our …rst long-only strategy, called Directional, if the forecast for t + 1 represents an increase in volatility with respect to the 'observed'or realized volatility on day t (i.e., h m t+1 ~ 2 t > 0); the stock (or index) is bought at the opening price on day t + 1.
14 The asset will be held for, say, s days until a sell or decrease-in-volatility signal is obtained for day t+s+1 (i.e., h m t+s+1
implying that the asset will be sold at the opening price.
A potential problem with the Directional strategy is very frequent trading and hence, large transaction costs. Evidence from Lee et al. (2003) and Corrado and Lee (1992) suggests that technical analysis indicators can complement existing market timing strategies. In this spirit, we add a Simple Moving Average (SMA) and a Double Crossover Moving Average (DCMA) as an 'overlay'to the Directional strategy in order to: i) reduce the number of trades (achieved by SMA),
and ii) limit the potential losses caused by large price falls (achieved by DCMA). The SMA rule is commonly used for generating trading signals (Brock et al., 1992) while DCMA is additionally applied as stop-loss rule to con…rm a change in price trend. The choice of a stop-loss rule is subjective and depends on traders' experience and personal preferences: we adopt a 5-day SMA and a 5-day/20-day DCMA approach. 15 In the Directional-SMA-DCMA strategy, a buy signal for day t + 1 is generated if three conditions are met: 1) the day t + 1 variance forecast is greater than the realized variance on t as in the Directional strategy, 2) the opening price on day t + 1 is greater than the SM A t+1 signal, and 3) the DCM A t+1 signal does not indicate to stop trading. 1 4 For the GARCH model augmented with the squared overnight return, this and the ensuing strategies are conducted by using the 10:00am price (instead of the opening 9:30am price) as the buy or sell price. This is because it is not feasible for an investor to trade on day t + 1 at the open price if that price is precisely required for the GARCH-OVN model to generate the day t + 1 volatility forecast. Hence, we move into the day a bit for the trading. . The 5-day/20-day DCMA combines a weekly and a monthly trend: if the weekly SMA falls below the monthly SMA then a stop-loss (i.e. sell) signal is generated which triggers termination in trading.
Level-Driven Strategies
The three volatility level-driven strategies that we consider are motivated in two ways. First, by our empirical observation in Section 3.2 that the daily return-volatility link appears stronger when volatility is extreme where the latter is de…ned in terms of the distribution tails of the historical realized variance. Second, by the stylized fact that at extremely high (low) volatility levels equity markets tend to bottom out (top up) and reversal takes place (Larsen, 2004).
We start by deploying a long-only trading strategy, called T op20, as follows. The daily realized variance sequence over the estimation window, f~ The fourth strategy, called Bottom20, is a short-only strategy such that the asset is shorted at the opening price if the forecasted volatility falls below a recursively updated low-volatility threshold given by the historical bottom quintile (h m t+1 < 20;t ). We unwind the trade at the opening price of day t + s when a buy signal is generated, h m t+s > 20;t+s 1 : The Top20 and Bottom20 strategies are less (noisy) trading intensive than the Directional strategy and so SMA …lter rules are not warranted. Finally, we deploy a long-short strategy which combines the Top20 and Bottom20 rules. Evidence from the hedge fund industry indicates that long and short investment strategies implemented simultaneously can yield high absolute returns. Given the regulatory short-selling limitations in mutual funds and traditional asset management …rms, the above short-only and long-short strategies are mainly feasible for hedge fund managers.
Assessing Trading Pro…tability
Pro…tability-driven competitions are run between the seven GARCH formulations discussed in Section 3. For individual stocks, a total of 70 forecast competitions emerge from the pairwise combination of 14 stocks and 5 trading strategies. At portfolio (index) level, there is one forecast competition per trading strategy so we run 5 competitions in total.
For each trading strategy, the e¤ectiveness of the intraday, overnight and trading volume information as trading signals is gauged by means of incremental pro…tability measures where "incremental" refers hereafter to the augmented-GARCH forecasts vis-à-vis the baseline GARCH forecasts. In order to account for risk and robustify our inferences against skewness and other higher-moments of our dynamic strategies' returns distribution, we compute the Sortino ratio (SoR) and Leland's alpha ( ). Therefore the incremental Sortino ratio (denoted SoR) provides a ranking of the competing forecasts in terms of annualized return in excess of the risk-free rate per unit of downside risk relative to a 0% target return. Leland (1999) proposes an adjustment to the standard Jensen's (CAPM) alpha to account for nonlinearity of returns relative to the market.
It is based on a modi…ed beta estimated bŷ
where r t;i are the daily returns of a trading strategy, r t;M are the market returns (S&P500 proxy) and b represents the exponent of the marginal utility function of the average investor estimated bŷ
Leland's alpha follows from the conventional expressionÂ i = r t;i r t;F B i (r t;M r t;F ):
Following a recent stream of volatility forecasting studies (e.g. Fleming et al., 2001 ; Della Corte et al., 2010) we also assess the economic value of competing volatility models by determining the maximum performance fee that a risk-averse investor would be willing to pay to switch between them. More speci…cally, it is assumed that the investor has a quadratic utility function given by
where W 0 is initial wealth, and is the investor's degree of relative risk aversion. We compute the maximum amount ( ) that the representative investor or trader is willing to pay to switch from the baseline GARCH forecasts (denoted base) to each of the augmented-GARCH forecasts (denoted i) by solving the following equation
As in Fleming et al. (2003) we adopt two, low and high, relative risk aversion levels = f1; 10g.
Lastly, the forecast model ranking is re-assessed in terms of net pro…tability. The average Leland's and switching fees. 16 Portfolio trading using the S&P500 index can be easily replicated with ETFs (e.g. SPDR) for which the costs per trade on the US market are estimated at 8-11bp.
17
A ‡at = 10bp is adopted for our index trading simulations.
Forecast Competition: Trading the Volatility Signals

Individual Stock Trading
An initial ranking of volatility forecasts based on individual stock trading simulations is obtained through risk-adjusted pro…tability measures. To this end, we compute the incremental Sortino ratio and Leland's alpha of the strategies. 18 Table 3 sets out the results.
[ Table 3 around here]
A pervasive …nding across stocks and trading strategies is that risk-adjusted performance gains can be attained from adopting a GARCH model that conditions either on lagged trading volume, realized volatilities or squared overnight returns; this conclusion is supported by the vast majority (60 out of 70) of the stock-strategy competitions. Overall, the information content in realized volatilities and trading volume stands out as highly worthwhile entailing the largest incremental performance, respectively, in 43% and 37% of those 60 competitions while the remaining 20%
pertains to overnight returns. In the Directional SMA-DCMA trading simulations the largest GARCH improvements ( SoR > 0 and > 0) correspond to realized volatilities in 6 stocks, trading volume in 3 stocks and squared overnight returns in 2 stocks. For completeness, Appendix Table A3 reports the incremental end-of-period value, annualized return and standard deviation of returns generated by actively investing $100 over the holdout period on the basis of augmented-GARCH forecasts. Again in a majority of the stock-strategy competitions, the di¤erent information sets a¤ord incremental returns that range from 0.1% to 24% per annum; trading volume and intraday price variation remain the two closest leading contenders.
The pro…tability of the trading strategies for the real-world investor is a¤ected by the frequency of trading. The number of trading signals over the 500-day trading simulation period on average across stocks is plotted in Figure 1 for each forecasting model-trading strategy pair.
[ Figure 1 around here]
The Directional strategies are the most trade intensive with up to 75 roundtrip buy-sell trades, whereas the Top20 and Bottom20 strategies, which impose a volatility threshold rule, are the least trade intensive with 30 trades maximum. The relative trading intensity implied by the volatility forecasting models depends on the strategy at hand; e.g., for the Top20 strategy where trades are triggered by large forecasted volatilities, the most intense trading corresponds to GARCH-VOL and the least intense to GARCH. This is in line with extant evidence that GARCH-VOL forecasts tend to be biased upwards and GARCH forecasts downwards ).
The incremental Sortino ratio and Leland's alpha net of trading costs are set out in Table 4 .
[ Table 4 around here]
We should start by noting that, although the Sortino ratio and modi…ed alpha drop when transac- The incremental net Sortino ranges between 0.004 and 2.71.
The augmented-GARCH versus GARCH forecast comparison is carried out next on the basis of utility-matching performance fees. Table 5 sets out the annualized switching fees in percentage points for two risk aversion levels = 1 and = 10.
[ Table 5 around here]
Out of the 70 stock-strategy competitions, in a majority of 62 there are positive switching fees at least for one (typically, for several) of the augmented models. Once more the intraday price information is in the lead earning the highest performance fees in 40% of the 62 competitions, closely followed by volume information with 35% of wins and the remaining 25% corresponding to overnight returns. The value of additional information, over and above the historical daily return data, for volatility prediction can be substantial: for the Top20 strategy the positive switching fees for low (high) relative risk aversion levels vary from 0.01% (0.03%) to 16.81% (10.72%) per annum, averaging 3.17% (2.72%) across stocks. Hence, in terms of the size of the switching fees and robustness of the …ndings across trading strategies, intraday price information and trading volume emerge as excellent GARCH augmentation covariates for trading purposes. The same conclusions are broadly reached when transaction costs are taken into account; for space considerations, the net performance fees are con…ned to Appendix Table A4 .
We end this section with a side note. Although the purpose of the paper is not to run a 'horserace' among the …ve trading strategies nor to portray them as "optimal" relative to the passive buy-and-hold (BH) strategy, we observe that their performance is satisfactory. The results reveal that among the 70 stock-strategy competitions the net Sortino ratio of the best volatility would be willing to pay a relatively high fee after transaction costs to switch from the BH strategy to an active strategy; for illustration, the Top20 strategy yields average net positive switching fees at 15.44% and 66.67% for the high ( = 1) and low ( = 10) risk aversion levels, respectively.
Portfolio Trading
For completeness, we assess now whether the above …ndings from the individual stock trading simulations also apply to the well-diversi…ed portfolio proxied by the S&P500 index. The trading exercise is conducted over the same 500-day holdout period. Table 6 sets out the results.
[ Table 6 around here]
The trading strategies can be regarded as …ve competitions between the volatility models. 
20
The utility-based net performance fees ( =1 and =10 ) reported in Table 6 corroborate the leading role of volume, across all trading strategies, as an e¤ective index volatility predictor. The annualized net fee that an investor is willing to pay to switch from the baseline GARCH forecasts to the GARCH-VOL forecasts ranges between 1.49% and 8.36% ( = 1) and 1.27% to 6.87% ( = 10); with an average of 5.38%. Some incremental gains are a¤orded by the realized volatilities and overnight returns but they are largely con…ned to the Directional strategy.
Statistical versus Economic Ranking of Volatility Forecasts
A clearcut picture that emerges from the di¤erent pro…tability and utility-based criteria employed thus far is that trading volume, intraday and overnight price variation contain useful information to enhance daily volatility predictions from a trading perspective. The stock and index trading simulations suggest that augmenting a standard daily return-based GARCH model with trading volume and realized volatilities is an e¤ective approach to produce incremental risk-and costadjusted performance. Interestingly, the leading role of lagged trading volume as conditioning covariate emerges as particularly robust for index trading purposes.
The pro…tability criteria also suggest that level-driven strategies (i.e., Top20 and Bottom20)
bring trading volume to the forefront as a very e¤ective augmentation covariate whereas instead the realized volatilities stand out when the trade-intensive Directional strategy is employed. To reassess this …nding in the context of statistical criteria, we recalculated the average statistical losses over the 500 days in the out-of-sample period as reported in Table 1 (i.e. from MSE to MZ-R 2 ) by conditioning the forecast errors on high volatility (top quintile) and low volatility (bottom quintile) days. In line with the earlier …ndings in Table 1 , realized volatilities remain the leading covariate from the point of view of statistical accuracy for extremely low and high volatility days.
Interestingly, the result that RPV is the best predictor emerges unanimously when it comes to low volatility regimes, and very strongly in high volatility regimes. Conversely, trading volume remains a poor predictor for extreme volatility days in terms of purely statistical accuracy.
To the extent that statistical loss functions assign a negligible role to trading volume, the statistical framework is at odds with the pro…tability framework because the latter brings volume to the forefront as a leading, or at worse as a very close, competitor to realized volatilities. Overnight returns, although valuable, are ranked behind realized volatilities and volume through the lens of pro…tability; in contrast, the relative size of the Pesaran-Timmermann (PT-T) market timing t-statistics in Table 1 indirectly suggested that the overnight stock returns stand out as highly informative with regard to directional-change volatility forecasting. These observations imply that statistical accuracy of forecasts is not tantamount to pro…tability. We formally assess the extent of disagreement between the pro…tability and statistical criteria by calculating Spearman model rank-order correlations. For space constraints, we focus on the Top20 strategy. Figure 2 contains scatterplots of the model ranks provided by di¤erent criteria. accuracy and pro…tability here documented highlights the importance of using appropriate metrics for volatility forecast evaluation that re ‡ect the purpose for which the forecasts are intended. 20 
Conclusions
Volatility modelling presents a challenge because volatility is a latent variable not directly observable. Forecasting stock market volatility has been the subject of much recent empirical and theoretical research by academics and practitioners alike. Realized volatilities based on intraday price information have been shown able to enhance the statistical accuracy of daily return-based GARCH predictions in contrast with lagged trading volume which has proven unsuccessful. There is evidence also of predictive content in the overnight return for the subsequent daytime volatility.
However, most extant research on these issues is con…ned to the statistical evaluation of volatility forecasts while their economic relevance has received relatively scant attention. This paper adopts a volatility-based trading framework to assess the pro…tability gains a¤orded by GARCH models conditional on lagged realized volatilities, trading volume and overnight returns. The trading strategies are deployed separately for 14 individual large-cap US stocks and for the S&P500 index.
The analysis demonstrates the lack of correlation between forecast accuracy and pro…tability, thus corroborating that statistical loss functions such as the mean squared error may be of little value to practitioners. Nevertheless, one …nding that permeates through both the statistical and economic frameworks is the relevance of exploiting additional information over and above the historical daily returns for daily volatility forecasting. Realized volatilities and volume bring the largest risk-and cost-adjusted incremental pro…tability whereas the overnight return information In future research it would be interesting to explore if these conclusions hold for the rival stochastic volatility class of models also based on daily return data, and in alternative trading settings such as variance swaps. Another interesting avenue for further research is to consider the merit of forecast combination in the present trading context. The scatterplots show the degree of association between the volatility model rank-orders provided by the mean square error alongside four net profitability measures: Leland's alpha, Sortino ratio, performance fees (%) that an investor with quadratic utility and constant relative risk aversion of γ={1,10} would be willing to pay to switch from using only daily return data (baseline GARCH forecasts) to using additional information (augmented GARCH forecasts). The volatility forecasts are for the 14 individual stocks and the S&P500 index. The top four panels of the table report the estimated expected loss associated to each forecasting model using different loss functions. Bold indicates the top performer. *, **, *** denote that the forecasts of the model are significantly worse than those of the top performer (Diebold-Mariano test) at the 10%, 5% or 1% level. The last two columns report the encompassing (ENC-T) test of Harvey et al. (1998) developed for the MSE loss function, and the non-parametric market timing (PT-T) test of Pesaran and Timmermann (1992). Bold indicates the strongest rejection. *, **, *** denote at the 10%, 5% or 1% level for the ENC-T that the forecasts of the augmented GARCH model add significant information to the GARCH forecasts, and for the PT-T that there is dependence between the directional change forecasts and realizations. The bottom panel reports the number of cases out of 15 considered (14 individual assets and 1 index) for which a forecasting model wins the race according to each criterion. Bold denotes the most-frequently-winning model under each statistical (criterion) loss function. The table reports the incremental annualized Sortino ratio (ΔSoR) and alpha (Δα%) of the augmented GARCH forecasts relative to the baseline GARCH forecasts. Bold font indicates that the augmented-GARCH model at hand entails a positive incremental gain relative to the baseline GARCH model. For each strategy-stock competition, italics font denotes the forecasting model that provides the largest incremental gain. N/A indicates that SoR cannot be computed because there are very few trades and the investor holds instead the risk free rate over most of the out-ofsample period so all the returns turn out positive. 
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Tests
Trading strategies Directional
The table reports for each augmented-GARCH model the incremental annualized cost-adjusted Sharpe Ratio (ΔNSR) and incremental annualized cost-adjusted alpha (ΔNα%) relative to the baseline GARCH model. Bold font indicates that the augmented-GARCH forecasts entail a positive incremental gain relative to the baseline GARCH forecasts. For each strategy-stock pair, italics font denotes the forecasting model that provides the largest incremental gain. N/A indicates that NSoR cannot be computed because there are very few trades and the investor holds instead the risk free rate over most of the out-of-sample period so all the returns turn out positive. The reported figures are the average annualized percentage fees (%) that an investor with quadratic utility and constant relative risk aversion of γ={1,10} would be willing to pay to switch from using only daily returns (baseline GARCH forecasts) to using additional information (augmented GARCH forecasts) such as intraday-based realized volatilities (realized variance, RV; realized range, RR; realized power variation, RPV; realized bipower variation, RBP), trading volume or the overnight return. Bold denotes positive switching fees. Table 6 . Risk-adjusted and utility-based performance evaluation: S&P500 index trading. 
Trading strategies
Long-short Directional Top20
Directional SMA-DCMA Bottom20
The table reports for each augmented-GARCH model the incremental annualized Sortino (ΔSoR) and incremental modified alpha (Δα%) relative to the baseline GARCH model. σ% is the annualized standard deviation of returns and N is the number of in/out roundtrip trades; N=0 means that the forecasting model generates no trading signals and amounts to holding the risk-free asset. Bold font indicates that the augmented-GARCH forecasts entail a positive incremental gain relative to the baseline GARCH forecasts. For each strategy-stock pair, italics font denotes the forecasting model that provides the largest incremental gain. N/A indicates that SoR cannot be computed because there are very few trades and the investor holds instead the risk free rate over most of the out-of-sample period so all the returns turn out positive. Table A1 . Long-short Directional SMA-DCMA Top20 Bottom20
APPENDIX
Trading strategies Directional
The table reports for each augmented-GARCH model the incremental End-of-Period Value ($ΔEPV) and incremental annualized mean return (%ΔR) relative to the baseline GARCH model; σ% is the annualized standard deviation of returns and N is the number of in/out roundtrip trades so that N=0 means that the forecasting model generates no trading signals and amounts to holding the risk-free asset. Bold font indicates that the augmented-GARCH model at hand entails a positive incremental gain relative to the baseline GARCH model. For each strategy-stock competition, italics font denotes the forecasting model that provides the largest incremental gain. The reported figures are the average annualized percentage fees (%) net of trading costs that an investor with quadratic utility and constant relative risk aversion of γ={1,10} would be willing to pay to switch from using only daily returns (baseline GARCH forecasts) to using additional information (augmented GARCH forecasts) such as intraday-based realized volatilities (realized variance, RV; realized range, RR; realized power variation, RPV; realized bipower variation, RBP), trading volume or the overnight return. Bold denotes positive switching fees. 
